ABSTRACT Single-step genomic prediction method has been proposed to improve the accuracy of genomic prediction by incorporating information of both genotyped and ungenotyped animals. The objective of this study is to compare the prediction performance of single-step model with a 2-step models and the pedigree-based models in a nuclear population of layers. A total of 1,344 chickens across 4 generations were genotyped by a 600 K SNP chip. Four traits were analyzed, i.e., body weight at 28 wk (BW28), egg weight at 28 wk (EW28), laying rate at 38 wk (LR38), and Haugh unit at 36 wk (HU36). In predicting offsprings, individuals from generation 1 to 3 were used as training data and females from generation 4 were used as validation set. The accuracies of predicted breeding values by pedigree BLUP (PBLUP), genomic BLUP (GBLUP), SSGBLUP and single-step blending (SSBlending) were compared for both genotyped and ungenotyped individuals. For genotyped females, GBLUP performed no better than PBLUP because of the small size of training data, while the 2 single-step models predicted more accurately than the PBLUP model. The average predictive ability of SSGBLUP and SSBlending were 16.0% and 10.8% higher than the PBLUP model across traits, respectively. Furthermore, the predictive abilities for ungenotyped individuals were also enhanced. The average improvements of prediction abilities were 5.9% and 1.5% for SSGBLUP and SSBlending model, respectively. It was concluded that single-step models, especially the SSGBLUP model, can yield more accurate prediction of genetic merits and are preferable for practical implementation of genomic selection in layers.
SSGBLUP and single-step blending (SSBlending) were compared for both genotyped and ungenotyped individuals. For genotyped females, GBLUP performed no better than PBLUP because of the small size of training data, while the 2 single-step models predicted more accurately than the PBLUP model. The average predictive ability of SSGBLUP and SSBlending were 16.0% and 10.8% higher than the PBLUP model across traits, respectively. Furthermore, the predictive abilities for ungenotyped individuals were also enhanced. The average improvements of prediction abilities were 5.9% and 1.5% for SSGBLUP and SSBlending model, respectively. It was concluded that single-step models, especially the SSGBLUP model, can yield more accurate prediction of genetic merits and are preferable for practical implementation of genomic selection in layers.
INTRODUCTION
Genomic prediction is a new tool for predicting the genetic merit of animals based on thousands of genetic markers (Meuwissen et al., 2001) . It is a further development of marker-assisted selection (MAS) and quickly found its way to application in animal breeding industry, termed as genomic selection (GS). GS has become the new paradigm in animal breeding industry, especially in cattle breeding (Loberg and Dürr, 2009) , and also has great potential in other species, like pig and poultry. Implementing GS in the nuclear population is desirable because genetic improvement is achieved in the nuclear population and then propagate to the commercial stocks, therefore even small improvement in the nuclear population can have great impact on the commercial stocks.
Traditional genomic evaluation typically involves several steps: first, a conventional genetic evaluation based on pedigree is conducted. Then the pseudo-phenotypes of genotyped animals, such as estimated breeding value (EBV) or deregressed proof (DRP), were obtained and used as response variable in genomic evaluation. In cattle, an index may be constructed by combining parental average and direct genomic breeding value (VanRaden et al., 2009 ). This procedure is called 2-step or multiple-step genomic model, which can result in bias and loss of information due to multiple assumptions in the intermediate steps Legarra et al., 2014) .
A single-step genomic model was proposed, where genotyped and ungenotyped animals were evaluated simultaneous in the model through a combined matrix, H Misztal et al., 2009; Christensen and Lund, 2010) . This method eliminates the intermediate steps, therefore avoids the inherent drawbacks of 2-step methods and is called single-step genomic BLUP (SSGBLUP). A single-step blending (SSBlending) model was also proposed , which can be considered as a compromise between selection index blending and implementation of single-step procedure.
Currently, single-step methods have been tested in cattle (Aguilar et al., 2010; Aguilar et al., 2011; Tsuruta et al., 2011; Su et al., 2012; Li et al., 2014; Koivula et al., 2015; Ma et al., 2015) , beef (Lourenco et al., 2015) , pig Guo et al., 2015; Xiang et al., 397 Non-parents)  2,045  1,880  1,706  2,661  8,292  Genotyped sires  62  46  81  89  278  Genotyped dams  ---1,057  1,057 1 For PBLUP model, the individuals from G1 ∼ G3 were used to predict the 89 females in G4; for GBLUP model, the training population only includes the genotyped sires in G1 ∼ G3; for SSGBLUP model, the training population includes all individuals in G1 ∼ G3 (both genotyped and non-genotyped); for SSBlending, the training population includes both genotyped and ungenotyped individuals in G1 ∼ G3. 2016), sheep (Baloche et al., 2014) and broilers (Chen et al., 2011) . In layers, Alemu et al. (2016) and Brinker et al. (2017) used single-step models to predict the survival time in crossbred populations. In this study, we investigated the potential increase of accuracy of genomic prediction for economic traits by single-step methods in a nuclear population of layers in China. Four different evaluation models were compared for their performance, i.e., pedigree-based BLUP (PBLUP), a 2-step model, i.e., genomic BLUP (GBLUP), and 2 singlestep models, i.e., SSGBLUP and SSBlending .
MATERIALS AND METHODS

Data
The phenotype and pedigree data of a pure layer line across 4 generations (G1-G4) were provided by Beijing Huadu Yukou Poultry Industry Co. Ltd. This line serves as a sire line of Jing Brown 1 variety, which accounts for more than 40% of Chinese layer market share. This line has been selected for egg production and egg quality traits for over 14 generations. Economic traits, including egg weight, egg number, age of first egg, etc., were routinely recorded. Egg quality traits were measured as the average of 3 eggs. A brief summary of phenotype data was shown in Table 2 . In each generation, the best parents were selected based on their genetic merit (EBV), to breed next generation. A total of 1,344 individuals were selected for genotyping by the Affymetrix 600 K SNP array (Kranis et al., 2013) . The genotyped animals include some but not all sires from G1 to G3, and most sires and dams in G4 (see Table 1 ). Genotype calling was performed using Affymetrix Power Tools (APT) according to the Axiom Genotyping Solution Data Analysis Guide (www.affymetrix.com). Samples with overall call rate less than 97% were discarded and SNPs with call rate less than 98.5% were filtered. Then, SNPolisher was used to group SNPs into 7 classes based on quality metrics generated by the genotyping pipeline. These classes are PolyHighResoultion (good cluster resolution and at least 2 minor alleles), NoMiorHigh (good cluster resolution and no minor homozygous), MonoHighResolution (High absolute contrast value and all genotyped samples are monomorphic), Hemizygous (SNPs on Y chromosome or mitochondria), OffTargetVariants (offtarget variant cluster), CallRateBelowThresholds (call rate below threshold, but all other cluster properties are good) and Others (one or more cluster properties are below threshold values). Only the first 3 classes were retained for analysis, resulting in 487,846 highquality SNPs. For genetic analysis, SNP with minor allele frequency less than 1% were further discarded. Finally, 294,557 SNPs for 1,335 samples were retained for genomic prediction (Table 1) . Missing SNPs were imputed with Beagle (Version 4.0) (Browning and Browning, 2007) . The pedigree incorporates the 4 generations and 2 generations (G-1 and G0) before G1 and one generation (G5) after G4, resulting in 17,320 animals included.
Models and Analysis
PBLUP Conventional EBV were estimated using single trait animal model: y = Xb + Zu + e, where y is the vector of phenotype, X is the design matrix for fixed effects, b is the vector of fixed effects which include generation (year) and hatch, Z is the design matrix allocating phenotype to random effects,u is the vector of breeding values and assumed to follow the distribution of N(0, Aσ u 2 ), where A is the numerator relationship matrix calculated based on pedigree and σ u 2 is the genetic variance, e is the residual vector and was assumed to follow the distribution of N(0, Iσ e 2 ), where I is a unit matrix and σ e 2 is the residual variance. GBLUP The GBLUP model is y = 1μ + Zg + e, where y is a vector of EBVs, 1 is a vector of ones, μ is overall mean, Z is design matrix for random effects, g is the vector of random effects, i.e., genomic estimated breeding value (GEBV), and was assumed to be distributed as N(0,Gσ g 2 ), where G is genomic relationship matrix and σ g 2 is the genetic variance,e is a vector of random errors and was assumed to be distributed as e ∼ N(0, Dσ EBVi is the reliability of i th individual's EBV) and σ e 2 is the variance of error. The genotype for each SNP was coded as 1 and 2 for 2 respective allele. The G matrix was constructed following (VanRaden, 2008) 
where p j is the frequency of the second allele for the j th SNP and the elements of Z were consist of: 0-p j for homozygous 11, 1-p j for heterozygous 12 or 21, and 2-p j for homozygous 22. By definition, G is not guaranteed to be positive definite (VanRaden, 2008) , therefore, to avoid potential inverting problems, a small fraction of A was added to G, i.e. G * = (1−ω)G+ωA, where ω is set to 0.01.
SSGBLUP The model in form is similar to PBLUP, except that the random effects u was assumed to follow the distribution of N (0, Hσ u 2 ), where the H is the enhanced matrix combining pedigree and genomic information Christensen and Lund, 2010) . The H was constructed as:
where the subscript 1 and 2 denotes ungenotyped and genotyped individuals, respectively. The structure of inverse of H is quite simple (Aguilar et al., 2010) :
where G was adjusted following , as G adj =βG * +α, where α and β were solved from the equations:
The estimates for β and α were 0.984 and 0.039, respectively.
SSBlending The method has the same model formula as GBLUP model, however, the y vector contains the EBVs of both genotyped and ungenotyped animals. The vector g is assumed to follow a normal distribution N(0, Hσ 2 g ), where the H matrix is constructed the same as in SSGBLUP . Similarly, the EBVs were weighted by their reliabilities as in GBLUP model to account for the heterogeneous residual variances.
Variance Component Estimation
For estimating variance components, full dataset (G-1 to G5) were used. Single trait PBLUP and SSG-BLUP model were compared. The variance components σ 2 g and σ 2 e involved in these models were computed using full data set with AI-REML implemented in DMU package (Madsen and Jensen, 2013) .
Predicting Young Animals
To predict the offsprings, chickens in G1 ∼ G3 were used as training set and the female chicken in G4 as the validation set. Four models, PBLUP, GBLUP, SSG-BLUP, and SSBlending, were used for prediction of the validation animals and compared for their performance. To investigate the improvement of prediction accuracy of both genotyped and non-genotyped selection candidates by using genomic information, the 1,057 genotyped and 1,604 ungenotyped individuals were both predicted by different models.
The predictive ability and prediction bias were compared between the PBLUP model and 3 genomic models. The predictive ability was calculated as the correlation between the predicted (G) EBV and the corrected phenotypes, i.e. r(GEBV, y c ). The phenotypes were corrected for fixed effects using full dataset (G1-G5). The bias was measured through the regression coefficients of phenotypes corrected for fixed effects on predicted (G) EBV (β). The standard errors of regression coefficients were calculated by bootstrapping (Calus et al., 2014) . The standard error (SE) was calculated as the standard deviation of regression coefficients from 10,000 bootstrap samples. The regression coefficient (β) was considered to be not significantly differ from 1 if 1−2 * SE < β < 1 + 2 * SE. The bootstrapping procedure was conducted using the "boot" package in R (R Core Team, 2015) .
RESULTS
On average, 2,256, 2,242, 2,118, and 2,170 phenotype records in each generation were available for BW28, EW28, HU36, and LR38, respectively (Table 2) . Variance components were estimated by single trait animal model for all traits using full data. For all traits, the estimates of additive variance by SSGBLUP were higher than that by PBLUP, while the residual variance were smaller (Table 3 ). This resulted in slightly higher heritabilities by SSGBLUP. We then examined the reliabilities of estimated EBVs for both models. For the genotyped individuals, on average, the reliabilities were improved by 13.7% across all traits by using SS-GBLUP (Table 4) . For the ungenotyped individuals, the evaluation was also benefited by using SSGBLUP model, since the genomic information were propagated to those ungenotyped animals through the H matrix. However, due to the limited proportion of genotyped animals in the whole pedigree (7.7%), the improvement The predictive ability was calculated as the correlation between the predicted (G) EBV and the corrected phenotypes; the prediction bias (in parenthesis) was calculated as the regression coefficient of phenotypes corrected for fixed effects on predicted (G) EBV.
* Value is significantly different from 1.
is not as much as that of genotyped individuals, 3.6% on average. The predictive abilities of genotyped individuals by different models were shown in Table 5 . The performance for GBLUP model is not consistent as it predicted more accurately than PBLUP for LR38 but not for the other traits. In terms of the 2 single-step methods, however, the results were promising. For all traits, single-step methods yield higher predictive ability than PBLUP. The predictive ability of SSGBLUP is 7.5%, 15.3%, 2.6% and 33.3% higher than PBLUP for BW28, EW28, HU36, and LR38, respectively. The improvement for SSBlending is 5.7%, 14.6%, 7.9% and 11.8%, respectively. For 3 out of 4 traits, the predictive ability of SSGBLUP is the highest.
The improvements of prediction accuracy by singlestep methods were also observed for ungenotyped individuals (Table 6 ). However, the improvements were less than the genotyped individuals. On average, the improvement for SSGBLUP and SSBlending over PBLUP model were 5.9% and 1.5%, respectively.
As for prediction bias, the results were mixed for different traits for genotyped individuals. For LR38, using genomic information reduced the bias, as the regression coefficients were getting closer to 1. For BW28, the predictions of the 2 single-step models were less biased. But for the EW28 and HU36, the regression coefficients for The predictive ability was calculated as the correlation between the predicted (G) EBV and the corrected phenotypes; the prediction bias (in parenthesis) was calculated as the regression coefficient of phenotypes corrected for fixed effects on predicted (G)EBV.
the 3 genomic models deviates more seriously from 1 than PBLUP model. However, most of these deviations were not significant. The regression coefficients of the SSGBLUP model always deviates least from 1 among the 3 genomic models. For the ungenotyped individuals, the regression coefficients of PBLUP model and singlestep models are close. Again, most of these deviations are not significant.
DISCUSSION
Single-step genomic models have been proven its superiority in several livestock since it was proposed (Aguilar et al., 2010; Aguilar et al., 2011; Christensen et al., 2012; Gao et al., 2012; Su et al., 2012; Baloche et al., 2014; Li et al., 2014; Guo et al., 2015; Koivula et al., 2015; Lourenco et al., 2015; Ma et al., 2015; Heidaritabar et al., 2016; Xiang et al., 2016) . Alemu et al. (2016) evaluated the predictions of survival time by SSGBLUP in crossbred layers, and observed up to 35% improvement of accuracy over pedigree method. However, in another study, Brinker et al. (2017) reported that SSGBLUP barely improved the predictions for survival time due to limited number of genotyping sires. The reduced animal model used by Wolc et al. (2011) for layers represents a special case of single-step method, where all the ungenotyped individuals are non-parent progeny. However, this model is not as general as single-step methods, since it requires that all the parents be genotyped so that the information of their non-genotyped offsprings can be incorporated into the model, but it's quite common in practice that not all parents are genotyped due to various reasons, for example, DNA samples were not available. In such cases the reduced animal model will cause information loss (Wolc et al., 2011) .
In this study, we investigated the performance of genetic evaluation of economic traits by single-step genomic models, a 2-step genomic model and the pedigree-based model in a nuclear population of layers. In our case, the genotyped individual in training size is relatively small, compared with other studies in cattle (Aguilar et al., 2010; Su et al., 2012) , pig Guo et al., 2015) and even in chickens (Chen et al., 2011; Wolc et al., 2011; Alemu et al.,2016) , though we have a medium size of genotyped individuals. The question is can genetic evaluation benefit from such small number of genotyped animals? As shown in Table 5 , while not all predictive ability using GBLUP model were higher than a pedigree-based model, the predictive ability were improved by both single-step methods across all traits. Particularly, the SSGBLUP model is more accurate than the other 3 models for all the traits except HU36. Therefore, our study represents a case where the genetic evaluation can be improved by genomic models even with very small number of genotyped animals. Besides, the predictive ability of ungenotyped individuals was also improved by single-step models, which implied that single-step models can also be used to enhance the prediction accuracy of ungenotyped selection candidates. Therefore, the single-step models can potentially replace the traditional pedigree-based methods for genetic evaluation in breeding program of layers.
The plausible explanation for the observation that GBLUP model do not exhibit appreciable improvement over the PBLUP model in some traits is that that GBLUP used very limited information, i.e., only the genotyped individuals, which is much less than PBLUP. This is an obvious drawback of GBLUP when the training size is small. However, the single-step methods seems to do not suffer from the problem because it can automatically use all information, including both genotyped and ungenotyped individuals .
The improvement of the genomic models (even with the 2 single-step models) over the pedigree-based method in this study is lower than of Wolc et al. (2011) 's results, where prediction accuracy was doubled in early age traits and increased by 88% in late age traits (Wolc et al., 2011) . This is mainly due to the difference in the size of training population. Nevertheless, the increase in predictive ability is relatively large given the limited training size in this study. Several aspects are relevant to the improved predictive ability. The first is that individuals from a nuclear breeding population of layers is very closely related. Close relationships can have positive effect on the prediction accuracy (Clark et al., 2012; Habier et al., 2010) . Besides, this line has a small effective population size when starting the base population, which in turn leads to strong population linkage disequilibrium (LD). Estimated from the information of 294,557 SNPs, the LD extends as far as 100 kb while maintaining at a medium level (r 2 ≈ 0.2 on average, data not shown). Higher LD level means the markers are more likely to capture the underlying QTLs, which also contributed to the higher prediction accuracy.
Also the improvement is not uniform across traits. The relative improvement is greatest for LR38, up to 33.3%. The observation that the improvement is maximized for traits with lower heritability has also been reported in previous studies (Luan et al., 2009; Wolc et al., 2011) , further demonstrating that genomic prediction can be used to enhance the genetic gain of traits with low heritability, such as reproductive and disease resistance traits.
Bias is another important criterion when comparing different prediction models. In this study, we used the regression coefficients of phenotypes corrected for fixed effects on predicted (G) EBV to assess the bias of prediction. The prediction was more biased for the GBLUP model, and the 2 single-step methods was less biased which is also observed in several previous studies (Gao et al., 2012; Su et al., 2012) . Elucidating the source of prediction bias can be difficult, as there are many factors that may contribute to the problem, for example, directional selection (Vitezica et al., 2011) . This population has been extensively selected for egg number and egg quality traits for a long time, which may in part lead to the prediction bias. Also note that, the genotyped individuals are not a random sample of the whole population, and not all parents have genotypes in each generation.
It has been reported that scaling the difference between the genomic and pedigree-based matrix by increasing the value of λ can reduces the bias (Guo et al., 2015) . However, the predictive accuracy or reliability also decrease accordingly Gao et al., 2012) , therefore there is a tradeoff between predictive accuracy and bias. The problem of prediction bias needs to be further addressed.
CONCLUSIONS
Single-step methods, especially the SSGBLUP model, can improve the accuracy of genomic prediction of both genotyped and ungenotyped individuals even with small training size. The SSGBLUP method can be a suitable approach for predicting GEBV in routine genetic evaluation programs in layers.
